Introduction
Image moments have been successfully used as images' content descriptors for several decades. Their ability to fully describe an image by encoding its contents in a compact way makes them suitable in many disciplines of the engineering life, such as image analysis (Sim et al., 2004) , image watermarking (Papakostas et al., 2010a) and pattern recognition (Papakostas et al., 2005 (Papakostas et al., , 2007 (Papakostas et al., , 2009a (Papakostas et al., , 2010b . Apart from the geometric moments, which are firstly introduced, several moment types have been presented due time (Flusser et al., 2009) . Orthogonal moments are the most popular moments widely used in many applications owing to their orthogonality property that permits the reconstruction of the image by a finite set of its moments with minimum reconstruction error. This orthogonality property comes from the nature of the polynomials used as kernel functions, which they constitute an orthogonal base. As a result the orthogonal moments have minimum information redundancy meaning that different moment orders describe different image parts of the image. The most well known orthogonal moment families are: Zernike, Pseudo-Zernike, Legendre, Fourier-Mellin, Tchebichef, Krawtchouk, dual Hahn moments, with the last three ones belonging to the discrete type moments since they are defined directly to the image coordinate space, while the first ones are defined in the continue space. Recently, there is an increased interest on applying image moments in biomedical imaging, with the reconstruction of medical images (Dai et al., 2010; Papakostas et al., 2009b; Shu et al., 2007; Wang & Sze, 2001 ) and the description of image's parts with particular properties (Bharathi & Ganesan, 2008; Iscan et al., 2010; Li & Meng, 2009; Liyun et al., 2009 ) by distinguishing diseased areas from the healthy ones, being the most active research directions the scientists work with. Therefore, a method that computes fast and accurate the orthogonal moments of a biomedical image is of great importance. Although many algorithms and strategies (Papakostas et al., 2010c) have been proposed in the past, these methodologies handle the biomedical images as "every-day" images, meaning that they are not making use of specific properties of the image in process. The authors have made a first attempt to compute the Krawtchouk moments of biomedical images by taking advantage of the inherent property of the biomedical image to have limited number of different intensity values (Papakostas et al., 2009c) . Based on this observation and by applying the ISR method (Papakostas et al., 2008a) an image is Biomedical Engineering Trends in Electronics, Communications and Software 450 decomposed to a set of image slices consisting of pixels with the same intensity value, an image representation that enables the fast computation of the image moments (Papakostas et al., 2009d ). This first approach has shown very promising results, by giving more space to apply it to more moment families and biomedical datasets under a general framework, which is presented in this chapter.
Image moments
A general formulation of the (n+m) th order image moment of a NxN image with intensity function f(x,y) is given as follows: 
where NF is a normalization factor and Poly n (x) is the n th order polynomial value of the pixel point with coordinate x, used as a moment kernel. According to the type of the polynomial kernel used in (1), the type of the moments is determined such as Geometric, Zernike, Pseudo-Zernike, Fourier-Mellin, Legendre, Tchebichef, Krawtchouk and dual Hahn. For example, in the case of Tchebichef moments (Papakostas et al., 2009d (Papakostas et al., , 2010c ) the used polynomial has the form of the normalized Tchebichef polynomial defined as follows: 
is the n th order Tchebichef polynomial, 3 F 2 , the generalized hypergeometric function, n,x = 0,1,2,…,N-1, N the image size and β(n,N) a suitable constant independent of x that serves as scaling factor, such as N n . Moreover the normalization factor NF has the following form:
where ( ) 
Working in the same way, the computational formulas of Geometric, Zernike, PseudoZernike, Legendre, Krawtchouk and dual Hahn moments can be derived (Papakostas et al., 2009d (Papakostas et al., , 2010c based on the general form of (1).
A general computation strategy
Generally, there are four main computation strategies (Papakostas et al., 2010c) that have been applied to accelerate the moments' computation speed: 1) the Direct Strategy (DS), which firstly used, since it is based on the definition formulas of each moment family, 2) the Recursive Strategy (RS), which is characterized by the mechanism of recursive computation of the kernel's polynomials, 3) the Partitioning Strategy (PS), according to which the image is partitioned into several smaller sub-images in order to reduce the maximum order need to computed and finally 4) the Slice-Block Strategy (SBS), which decomposes a gray-scale image to intensity slices and rectangular blocks, developed by the authors (Papakostas et al., 2008a (Papakostas et al., , 2009d . Among the four above strategies the last one has the advantage to collaborate with the RS and PS strategies (Papakostas et al., 2010c) , by resulting to more efficient computation schemes. Moreover, the SBS strategy can be applied to any moment family defined in the cartesian coordinate system (for the case of the polar coordinate system, appropriate transformation to the cartesian system is needed) in a common way, establishing it a general computation framework. After the presentation of the main principles of the SBS methodology, this method will be applied to compute the moments of several families, for the case of biomedical images, which they constitute a special case of images where the benefits of the SBS strategy are significantly increased. The principal mechanisms used by the SBS strategy are the ISR (Image Slice Representation) and IBR (Image Block Representation) methodologies, which decompose an image into intensity slices and a slice into rectangular blocks, respectively. The main idea behind the ISR method is that we can consider a gray-scale image as the resultant of non-overlapped image slices, whose pixels have specific intensities. Based on this representation, we can decompose the original image into several slices, from which we can then reconstruct it, by applying fundamental mathematical operations. Based on the above image decomposition, the following definition can be derived: Definition 1: Slice of a gray-scale image, of a certain intensity f i , is the image with the same size and the same pixels of intensity f i as in the original one, while the rest of the pixels are considered to be black. As a result of Definition 1, we derive the following Lemma 1 and 2: Lemma 1: Any 8-bit gray-scale image can be decomposed into a maximum of 255 slices, where each slice has pixels of one intensity value and black. Lemma 2: The binary image as a special case of a gray-scale image consists of only one slice, the binary slice, where only the intensities of 255 and 0 are included.
Based on the ISR representation, the intensity function f(x,y) of a gray-scale image can be defined as an expansion of the intensity functions of the slices:
where s is the number of slices (equal to the number of different intensity values) and f i (x,y) is the intensity function of the i th slice. In the case of a binary image s is 1 and thus f(x,y)=f 1 (x,y) .
In the general case of gray-scale images, each of the extracted slices can be considered as a two-level image and thus the IBR algorithm (Papakostas et al., 2008a (Papakostas et al., , 2009d can be applied directly, in order to decompose each slice into a number of non-overlapped blocks. By using the ISR representation scheme, the computation of the (n+m) th order orthogonal moment (1) of a gray-scale image f(x,y), can be performed according to the equations (10) is the following Proposition 1: Proposition 1: The (n+m) th order discrete orthogonal moment of a gray-scale image is equal to the "intensity-weighted" sum of the same order discrete orthogonal moments of a number of binary slices. The SBS strategy has been applied successfully in computing the geometric moments (Papakostas et al., 2008a) , the orthogonal moments (Papakostas et al., 2009d ) and the DCT (Papakostas et al., 2008b , by converging to high computation speeds in all the cases. The performance of the SBS methodology is expected to be higher for the case of the biomedical images, since the limited number of different intensities of these images, enables the construction of less intensity slices and therefore bigger homogenous rectangular blocks are extracted.
Biomedical images -A special case
As it has already been mentioned in the previous sections, the application of the SBS strategy can significantly increases the moments' computation rate for the case of biomedical images, as compared with the "every-day" images. This is due to the fact that the biomedical images are "intensity limited" since the pixels' intensities are concentrated mostly in a few intensity values. For example, let see the two "every-day" images Lena and Barbara as illustrated in the following Fig. 1 , along with their corresponding histograms. These images having a content of general interest, present a more normally distributed pixel's intensities into the intensity range . On the contrary, in the case of biomedical images the intensities are concentrated in a narrower region of the intensity range. Figure 2 , shows four sample images from three different kinds of biomedical images BRAINX, KNIX (MRI images), INCISIX (CT images) retrieved from (DICOM) and MIAS (X-ray images) (Suckling et al., 1994) . All the images have 256x256 pixels size, while each dataset consists of 232 (BRAINIX), 135 (KNIX), 126 (INCISIX), 322 (MIAS) gray-scale images. It is noted that in the above histograms the score of the 0 intensity is omitted for representation purposes, since a lot of pixels have this intensity value, causing the covering of all the other intensity distributions. A careful study of the above histograms can lead to the deduction that the most pixels' intensities are limited to a small fraction of the overall intensity range . This means that the images' content is concentrated in a few intensity slices. This fact seems to be relative to the images' nature and constitutes an inherent property of their morphology. From (10) and (11) it is obvious that the performance of the SBS method is highly dependent on the image's intensity distribution, meaning that images with less intensities and big blocks enable the achievement of high moments' computation rates, conditions that are satisfied by the biomedical images. 
Experimental study
In order to investigate the performance of the SBS strategy in computing the biomedical image moments, a set of experiments have been arranged. From the above results, it can be realized that the extraction of the homogenous block does not add a significant overhead to the entire computation procedure (small mean values with low variability), since it needs a little time to be executed. On the other hand, the high variance on the number of blocks and intensity slices, reveal a complicated dependency of the computation time on these two main factors, as far as the size of the blocks and the distribution of the blocks on the intensity slices are concerned. In order to study the timing performance of the SBS strategy, a comparison of its behaviour with that of the DS methodology, for the case of the four biomedical datasets has been taken place. Since, the SBS strategy can effectively be collaborated with other fast strategies (RS and PS) (Papakostas et al., 2010c) , only a comparison with the DS methodology is needed to highlight its advantages. The mean values of the computation time in each case are illustrated in the following Table 2 , 3 and 4. From these results it is obvious that the proposed method needs less time to compute the moments of any order, as compared to the DS one. This outperformance varies by the moment family, since each family needs a different time to compute its moments. 
The above diagrams clearly show that the reduction of the computation time by using the SBS strategy is significant for all the cases. More precisely, this reduction varies between 37%-50%, 12%-25%,0%-7.5% and 50%-95% for the BRAINX, KNIX, INCISIX and MIAS datasets respectively. This diversity of the reduction owing to the different intensity distribution each image dataset presents, forming different number of blocks as shown in Table 1 . Another important outcome from the above plots is that all the moment families give near the same reduction for the same dataset and moreover this reduction is quite stable as the moment order increases (DHMs constitutes an exception for the case of MIAs dataset, where the reduction is significant higher (95%), for the high moment orders, as compared with the rest moment families (58%)). 
Conclusion
A morphology-driven methodology that improves the computation rates of the biomedical image moments was presented and analyzed in the previous sections. The usage of the introduced methodology can reduce the computation overhead by a significant factor depending on the image intensity morphology. This improvement is mainly achieved due to the biomedical images' nature dealing with their intensities distribution, which boosts the performance of the proposed computation scheme. www.intechopen.com
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